A probabilistic regional envelope curve (PREC) assigns a recurrence interval to a regional 30 envelope curve. A central point of this method is the determination of homogeneous regions 31 according to the index flood hypothesis. A flood discharge associated with the recurrence 32 interval (PREC flood quantile) is estimated for each gauge of a homogeneous region. In this 33 study, the influence of two pooling methods on PREC for a large group of catchments located 34 2 in the south-east of Germany is investigated. Firstly, using cluster analysis, fixed 35 homogeneous regions are derived. Secondly, the Region of Influence (RoI) approach is 36 combined with PREC. The sensitivity of PREC flood quantiles with respect to pooling groups 37 is evaluated. Different candidate sets of catchment descriptors are used to derive pooling 38 groups for both pooling methods. Each pooling group is checked by a homogeneity test. 
the uncertainty that occurs particularly for estimates of high recurrence intervals due to 55 limited observation data (e.g. Robson and Reed, 1999; Merz and Thieken, 2005) . Regional 56
Flood Frequency Analysis (RFFA) is widely employed in the estimation of design floods 57 when dealing with data record lengths that are too short compared to the recurrence interval of 58 delineation of a subdivision of the study area into fixed homogeneous regions and the 112 neighbourhood approach or Region of Influence approach (RoI) (Burn, 1990 ; GREHYS, 113 1996; Ouarda et al., 2001 ). In fixed homogeneous regions, each gauging station definitely 114 belongs to one and only one region. A traditional approach to identify fixed homogeneous 115 regions is a separation in administrative units, where all gauging stations are geographically 116 connected, e.g. in adjacent sub-catchments. This method has been replaced by others that 117 enhance the hydrological similarity within a fixed region (Acreman and Sinclair, 1986) . 118
Cluster analysis is an objective procedure that can be applied to subdivide the study area into 119 clusters of catchments (fixed regions) on the basis of a suitable set of climatic and 120 physiographic catchment descriptors (predictor variables). The goal of the procedure is to 121 maximise the similarity within a cluster and the dissimilarity between the clusters (e.g. 122 Mosley, 1981) . The catchments of one cluster are not necessarily geographically connected. 123
The RoI approach identifies a pooling group separately for each gauging station (site of 124 interest) without explicit spatial connection within the RoI (Burn, 1990) . Gauging stations for 125 a RoI are selected according to their similarity to the site of interest using a suitable set of 126 predictor variables (Zrinji and Burn, 1994) . In a hybrid RoI approach, the RoI is derived by 127 considering the geographical distance between the sites in addition to the predictor variables 128 (Eng et al., 2007) . 129
Up to now, PRECs were applied in northern Italy with a relatively limited number of gauging 130 stations grouped into three different fixed homogeneous regions (Castellarin, 2007) . This 131 paper presents the application of the PREC approach in Germany, considering a rather large 132 number of sites. The main aim of the study is to verify, whether the utilisation of the RoI 133 approach in the formation of homogeneous pooling groups may improve the reliability of the 134 design flood estimates that can be retrieved from PRECs for ungauged sites. To address this 135 issue, we construct PRECs for the study area using fixed homogeneous regions and RoIs. In 136 particular, we form several PRECs for each gauging site on the basis of the data collected in 137 homogeneous fixed regions and RoIs with different sizes and catchment descriptors. A 138 sensitivity analysis enables us to consider the sensitivity of PREC flood quantiles to different 139 constitutions of the pooling group. By means of "leave-one-out" cross-validation procedure, 140
we simulate the ungauged conditions at all considered sites during the construction of each 141 PREC as proposed by Castellarin (2007) 
149
Since the construction of pooling groups is a prerequisite for the application of PREC, it is 150 advisable to quantify the sensitivity of PREC to the formation of pooling groups. For both 151 pooling methods (cluster analysis and RoI), the sensitivity of PREC results was determined by 152 considering several variations of pooling groups derived in a three-step-procedure. with the unit index flood, i.e. the index flood normalised by the catchment size. In order to get 171 only positive correlations, standardised variables with a negative correlation to the unit index 172 flood were multiplied with -1. This implies, for instance, that the fraction of the area, which is 173 not covered by arable land, was used instead of the fraction of arable land for selecting 174 candidate sets of catchment descriptors. 175 A full enumeration approach was used to consider all possible subsets of the catchment 176 descriptors with one to three predictor variables. A larger number of catchment descriptors 177 within one candidate set could provide small additional information, but could also lead to 178 multi-collinearity (Merz and Blöschl, 2005) . Thus variants with more than three predictor 179 variables were not taken into account. 180
With regard to the selection of suitable sets of predictor variables, it is worth noting that we 181 were interested in assessing the sensitivity of PRECs and of flood quantiles derived from 182 these PRECs with respect to different pooling groups. To this aim, we looked for several good 183 combinations of predictor variables rather than the optimal set. It was assumed that, next to 184 the best subset of catchment descriptors, other 'good subsets' have a similar explained 185 variance. Since PREC is based on the assumption of a scaling of the index flood (mean of the 186 annual maxima series), it seemed reasonable to perform a preliminary identification of 187 candidate sets of catchment descriptors by looking at the explained variance of the empirical 188 index flood values. Therefore, candidate sets of catchment descriptors were identified on the 189 basis of this criterion. 190
The correlation coefficient between a subset of catchment descriptors and the unit index flood 191 was used as goodness-of-fit criterion, as in other studies (e.g. Burn, 1990; Uhlenbrook et al., 192 2000) under the assumption that a high correlation is a good indicator for a sufficient 193 explained variance of the selected subset (Merz and Blöschl, 2004) . 194
All subsets of catchment descriptors were selected that showed a correlation coefficient of 195 more than 0.60. This threshold was assumed as sufficient, because the correlation coefficient 196 was only used for a pre-selection of subsets of catchment descriptors. 197
All selected subsets were checked for multi-collinearity between the catchment descriptors 198 using the variance inflation factor (VIF) (Hirsch et al., 1992 ) (Eq. (1)). All gauging stations which are closer to the site of interest than a specific threshold of the 230 Euclidean distance in the physiographical space were assigned to the RoI of the site of 231 interest. The higher the threshold, the larger is the number of sites within a region (Burn, 232 1990 ). Different similarity measure thresholds to derive RoIs were investigated by Gaál et al. 233 (2008) . To account for the sensitivity of the results to the threshold, three thresholds for the 234 similarity measure (0.5, 1 and 2) were applied in this study. In contrast to RoI approaches in 235 frequency analysis (Burn, 1990) , the sites were not weighted according to their closeness to 236 the site of interest in the physiographical space. The original RoI method was varied, because 237 the intercept of PREC is only determined by one pair of unit flood of record and drainage area 238 (see "Probabilistic regional envelope curve"). Consequently, a weighting scheme would not 239 affect the magnitude of the regional envelope curve. 240
Traditionally, a fixed number of sites is targeted at when deriving a RoI (Burn, 1997) . This 241 target number is a function of the aspired return period. In our case a target number of sites 242 cannot be determined, since the recurrence interval T associated with the PREC is not known 243 a priori. Therefore, the maximum number of sites in the RoI was identified on the basis of the 244 hydrological affinity with the site of interest. 245 246
Homogeneity test

247
Each pooling group was checked for homogeneity by applying the heterogeneity measure of 248
Hosking and Wallis (1997) ( Table 1 
The slope b is derived by a regression of the unit index flood against the drainage area 274 (Fig. 1 ). The intercept a is determined by a parallel upshift of the regression until the envelope 275 curve bounds all unit floods of record (Castellarin et al., 2005) . In a homogeneous region the 276 index floods of all gauges are close to the regression line. In this study, a PREC was 277 determined for each region with at least four sites. It was assumed that a lower number of 278 sites is not representative for a regression analysis. 279
An exceedance probability is assigned to that particular data pair of unit flood of record and 280 its drainage area that determines the intercept of the envelope curve. This exceedance 281 probability is valid for the range of catchment sizes covered in the pooling group. For this, the 282 AMS of all gauging stations of that region were considered. The total number of sample years 283 of data was reduced to an effective number of sample years of data, by accounting for crosscorrelated sites (Castellarin, 2007) varies. In the first step of the algorithm, the number of years n 1 was identified in which only 307 one gauging station had a measured discharge. These observations n 1 were reasonably 308 effective. The remaining years Y-n 1 were divided in ) (
subsets with the same 309 of observations n eff,s was calculated separately. Finally, the effective samples for all subsets 311
were summed up. The number of effective sample years of data for the whole regional data 312 set n eff includes n 1 , the years with one observations, and the sum of n eff,s (Eq. (5), adopted 313 from Castellarin, 2007) . 314 [ ]
In this way the effective sample years of data is equivalent to the number of independent 316
observations. This reduction of the regional plotting position determines the information 317 content of the collected data (Castellarin, 2007) . 318
The next step is a selection of an appropriate plotting position depending on an adequate 319 distribution function to estimate the recurrence interval of the PREC. distribution is a suitable parent distribution. Its suitability for the case study is reported in 323 "Study area and data". As a result, the recurrence interval T PREC is twice as high as the 324 number of effective observations n eff . 325
The exceedance probability is greatly influenced by the formation of homogeneous regions. 327
Adding or removing only one gauging station to/from a homogeneous group modifies the 328 effective sample years of data and hence the exceedance probability of the PREC. 329
The discharge associated with the exceedance probability for a specific site is determined by 330 the intercept of the drainage area and the regional envelope curve. It is worth noting that the 331 gauging stations within a region have a different influence on the exceedance probability of 332 the PREC. Due to the fact that the intercept of the PREC is determined by the data pair of the 333 to pooling groups. The index flood method is based on the assumption that a regional growth curve is valid for 363 all sites of a pooling group. For this, the AMS was normalised by the index flood μ X . To 364 calculate the T-year flood X(T), a regional quantile x T was scaled to at-site conditions by the 365 index flood μ X (Eq. (7)). 366
The GEV was also used for the index flood approach. The parameters were estimated with 368 regional L-moments, by weighting at-site L-moments of all gauges according to the data 369 length (Robson and Reed, 1999) . 370
In order to assess the accuracy of PREC for ungauged catchments, a cross-validation 371 procedure was applied. The PREC was recalculated following a leave-one-out jackknifing 372 algorithm (Castellarin, The study area is the federal state of Saxony in the south-east of Germany (Fig. 2) . 
Results for the best subset of catchment descriptors
500
The best subset of predictor variables contains MAX5DAY, the mean elevation (ELEV) and 501 RANGE_NORM with a correlation coefficient of 0.70 (Table 3 ). The pooling groups derived 502 by cluster analysis are illustrated in Table 4 , using the solution with seven clusters as an 503 example. The heterogeneity measure of the cluster analysis shows that there are four (H 1 < 2) 504 homogeneous regions (clusters 1, 2, 4, and 6) ( Table 4) . Clusters 3 and 7 are strongly 505 heterogeneous. The H 1 -test was not applied for cluster 5, because there are only two sites in 506 this cluster. For these three regions the assumptions of PREC are not fulfilled. Thus a PREC 507 was only calculated for the clusters 1, 2, 4 and 6. 508
The RoI approach provides one region for each of the 89 gauging stations. As outlined in 509 "Formation of homogeneous regions", three different thresholds of the similarity measure 510 were applied. The total number of PREC realisations is lower than 89, because in several 511 cases the number of sites in the RoI is lower than four (Table 5) . Only for 50 sites, there are at 512 least four sites in the physiographical space with a Euclidean distance lower than 0.5. It 513 becomes apparent that, also for the RoI approach, the method of PREC is not applicable for 514 all gauging stations. 515
In summary, with both pooling methods heterogeneous regions were constructed, for which it 516 was impossible to calculate a PREC. As mentioned before, this deficiency could partly be 517 compensated by the use of different subsets of catchment descriptors. 518 performed five times (number of clusters from 3 to 7), altogether 500 regions were 523 constructed and checked for homogeneity by the Hosking-Wallis test. The fraction of 524 homogeneous regions (H 1 < 2) is in the range between 43% (3 cluster) and 54% (7 cluster) for 525 the different numbers of clusters (Table 6) . 526
With the RoI approach, one region was formed for each gauging station and each subset of 527 catchment descriptors. The fraction of homogeneous regions is strongly influenced by the 528 threshold of the Euclidean distance in the physiographical space. The number of 529 homogeneous regions decreases from 54% for a threshold of 0.5 to 12% for a threshold of 2. 530
As expected, both methods reveal that the fraction of homogeneous regions increases with a 531 decreasing number of gauging stations (higher number of clusters, lower RoI-threshold). 532
The distribution of the relative number of homogeneous regions shows a spatial pattern for 533 both pooling methods (Fig. 3) . The gauging stations in the Erzgebirge are mostly grouped in 534 homogeneous regions. In contrast, there are no or only a low number of homogeneous regions 535 for several gauges in the Weisse Elster subbasin and east of the Elbe. The relative number of 536 homogeneous regions is larger for the cluster analysis than for the RoI approach. This can be 537 explained by the low number of homogeneous regions that were constructed for a threshold of 538 two in the RoI approach (Table 6) Besides the slope and the intercept, also the range of the catchment size that is covered by the 548 PREC depends on the constitution of the pooling group. As expected, the slope decreases with 549 catchment size with two exceptions for RoI. In the example shown in Fig. 4 four sites govern 550 the intercept of PREC including the selected site itself for both pooling methods. 551
As illustrated in Fig. 5 , the results of PREC for the gauge Dohna differ in discharge (400-630 552 m³/s) and recurrence interval (300-1200 years) for the two pooling schemes, as well as for 553 different subsets of catchment descriptors. As expected, the discharge augments with 554 increasing recurrence interval. The site itself has only a minor influence on the recurrence 555 interval, because all AMS of the region are collected together (overall sample years of data). 556
Both pooling methods show the influence of the pair of the unit flood of record and drainage 557 area, which determines the intercept of PREC. All discharges are at least 400 m³/s, which is 558 the flood of record at the gauge Dohna. In this example the PREC results of both methods are 559 scattered in three groups. In the first group, the gauge Dohna itself determines the intercept of 560 PREC. The gauge Dippoldiswalde and Rehefeld or Hainsberg 1 in the case of the cluster 561 analysis or RoI, respectively, have the highest unit flood of record for the PREC realisations 562 of the second group, where the discharge varies between 400 and 480 m³/s (Figs. 4 and 5) . 563
In the third group, the discharge of PRECs for the gauge Dohna is between 580 and 630 m³/s. 564
The intercept of these PRECs is determined by the gauge Neundorf and in two cases for the 565 cluster analysis also by Rehefeld. The range is caused by the different slopes of the PRECs, 566 which were derived for pooling groups with different combinations of gauges. The higher the 567 difference in the catchment size (e.g. Rehefeld (15 km²) and Dohna (198 km²), (see Fig. 4)) , 568 the larger is the PREC discharge affected by a variation of the slope. 569
The three groups of PREC realisations show that the inclusion of a gauge with a high unit 570 flood of record (here: Neundorf) results in an upshift of the PREC. The extent of the upshift 571 depends on the difference between the unit flood of record of the site of interest and the 572 highest unit flood of record in the homogeneous group. It is important to highlight that Dohna 573
and Neundorf have a relatively high unit flood of record. For a gauging station with a lower 574 unit flood of record, the difference between the unit flood of record and the regional envelope 575 curve discharge might be significantly higher, if the PREC is also determined by Neundorf. 576 577
Performance evaluation of PREC
578
The reliability of the PREC was evaluated by a leave-one-out jackknifing procedure 579 (PREC-JK). The relative error of the PREC-JK to the index flood method was calculated for 580 each gauging station (see Eq. (8)). In Fig. 6 , only those gauging stations were considered, 581 which had at least eight PREC-JK realisations. This criterion was fulfilled for 68 (Cluster 582 analysis) and 61 sites (RoI), with on average 44 and 21 PREC-JK realisations, respectively. 583
The PREC-JK approach for both pooling methods illustrates that the median of the relative 584 error is in most cases positive (Fig. 6) . A high positive relative error indicates a high over-585 estimation of the discharge of PREC-JK for this recurrence interval in comparison to the 586 index flood method. A negative relative error occurs for the gauging stations which determine 587 the intercept of REC or which are close to the REC (see Fig. 7 ). Comparing the pooling 588 methods, the relative errors (median of the box) as well as the scatter (size of the box) are 589 similar for cluster analysis and RoI (Fig. 6) . 590
The relative error between PREC-JK and the index flood method depends on the position of 591 the gauging station in the 'unit discharge-area plot' (Fig. 7) . If the unit flood of record q FOR of 592 a gauging station is close to the regional envelope curve, the unit discharge q PREC-JK derived 593 from the regional envelope curve for this station is similar to or lower than that of the index 594 flood method. In contrast, the higher the difference between the regional envelope curve q PREC 595 and the flood of record discharge q FOR for a gauging station, the higher the relative error of 596 PREC-JK in comparison to the index flood method. This relationship has a correlation 597 coefficient of 0.73 (see Fig. 7) . 598 599 4.6 Assessing the effect of the threshold of the heterogeneity measure 600 The homogeneity of a pooling group is a fundamental assumption of PREC. The influence of 601 the degree of homogeneity on PREC was determined by varying the threshold of the 602 heterogeneity measure. In order to consider the influence of the threshold on PREC, the 603 sensitivity analysis was repeated for stronger (H 1 < 1) and weaker (H 1 < 4) thresholds of the 604
Hosking-Wallis test. Following the classification of Hosking and Wallis (1997), a threshold of 605 H 1 < 1 means that 'possibly homogeneous regions' (1 < H 1 < 2) are excluded (Table 1) . By 606 increasing the threshold to four, also 'slightly heterogeneous regions' (2 < H 1 < 4) are 607 included. In this case only 'strong heterogeneous regions' (H 1 > 4) are excluded. The 608 influence of the relative number of homogeneous regions for different thresholds of the 609
Hosking-Wallis test has been discussed by Cunderlik and Burn (2002) . An increase of H 1 610 from 2 to 4 results in a larger number of homogeneous regions (Fig. 8) . This is especially 611 relevant for those gauging stations, which were only seldom grouped in a homogeneous 612 region when applying the strict definitions of homogeneity. 613
A comparison of the mean absolute relative error for the three thresholds illustrates that an 614 increase in the degree of heterogeneity leads to a higher mean absolute relative error for most 615 of the gauging stations and for both pooling methods (Fig. 9, Table 7 ). In addition, there are 616 more results of the mean absolute relative error for H 1 < 4 because of the higher number of 617 PREC realisations. 618
Considering that the relative error was calculated with the index flood method as reference, it 619 is necessary to mention that the index flood estimate is subject to a higher uncertainty due to 620 the higher degree of heterogeneity. 621
An overall performance indice was calculated as follows. All sites were selected which had at 622 least four realisations for both pooling methods (see Table 7 ). The mean and the standard 623 deviation of the absolute relative errors were calculated for all PREC realisations of these 624 sites (n in Table 7 ). Both were averaged over the n sites. These performance indices increase 625 with a higher degree of heterogeneity (Table 7) . The result emphasises the relevance of the 626 homogeneity criteria for PREC. The two performance indices are similar for the cluster 627 analysis and RoI for the three thresholds of heterogeneity. 628 629
Discussion
630
The method of probabilistic regional envelope curves (PREC) derives a flood discharge and 631 its recurrence interval for a homogeneous group of discharge gauges. One main assumption is 632 its applicability in a homogeneous region in terms of the index flood method. 633
By using different subsets of catchment descriptors and two pooling methods (cluster analysis 634 and RoI), a large number of homogeneous regions, which fulfilled the heterogeneity measure 635 of Hosking and Wallis (1993) , was derived for the mountainous catchments in Saxony. In 636 contrast, the gauges located in the lowlands were mostly grouped in heterogeneous regions, 637 which mean that the method of PREC could not be applied. 638
The reliability of PREC was assessed by a cross-validation procedure and a comparison with 639 the index flood method. For a better understanding of the cross-validation results, it is worth 640 emphasising an important difference between the index flood method and the PRECs. The 641 index flood method represents the mean flood behaviour in a homogeneous region by a 642 regional growth curve. Under this assumption it is expected that there are very small 643 differences between the at-site flood behaviour and the regional distribution function in a 644 homogeneous region. In contrast, the regional envelope curve is governed by the highest 645 flood of record in a homogeneous region. Under the assumption that the estimation of the 646 flood of record is more uncertain than the estimation of the index flood, the PREC is more 647 sensitive to gauging stations with a high difference of an at-site flood of record to PREC than 648 the index flood estimation. 649
The results of the PREC can be compared with a traditional at-site flood frequency analysis. 650
The example of Dohna shows that most of the PREC realisations are close to the GEV 651 distribution function (Fig. 10) 
